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Abstract

Drug discovery is a notoriously protracted and resource-intensive endeavor, with the average timeline
exceeding a decade and costs surpassing $2 billion per approved therapeutic agent. The advent of quantum
machine learning (QML) offers a transformative opportunity to address the fundamental computational
bottlenecks of molecular property prediction, chemical space exploration, and de novo drug design. This
paper presents an integrated QML framework that combines quantum neural networks (QNNs) with
variational quantum circuits (VQCs) to accelerate critical stages of the drug discovery pipeline. Leveraging
the principles of quantum superposition and entanglement, the proposed system encodes molecular
representations into high-dimensional quantum states, enabling parallel exploration of chemical space that
is classically intractable. A hybrid quantum-classical architecture is introduced, wherein quantum circuits
process encoded molecular fingerprints while classical optimizers refine circuit parameters via the
parameter shift rule. Experimental evaluations on a benchmark dataset of 10,000 molecular structures
from PubChem demonstrate that the hybrid system achieves R2 = 0.87 on solubility prediction, AUC = 0.84
on toxicity classification, and RMSE improvement of 8% on binding affinity prediction compared to
classical deep learning baselines. Quantum generative models produce novel molecules with 85% novelty
and 949% chemical validity, outperforming classical variational autoencoders. The Variational Quantum
Eigensolver (VQE) achieves chemical accuracy (<1 kcal/mol error) for ground-state energy calculations of
small molecules. All modules achieved 100% pass rate across 34 test cases. These results substantiate the
potential of QML for pharmaceutical applications and provide a reproducible, modular pipeline for future
guantum drug discovery research.

Keywords—Quantum Machine Learning, Drug Discovery, Quantum Neural Networks, Variational Quantum
Circuits, Molecular Property Prediction, Hybrid Quantum-Classical, VQE, Molecular Generation, Quantum
Computing, Computational Chemistry

. INTRODUCTION impossible  [4]. Quantum  mechanics governs
molecular interactions with precision that classical
algorithms approximate only at great computational
expense. Density Functional Theory (DFT) and
coupled cluster methods achieve high accuracy but
scale as O(N®) to O(N”) with system size, making
high-throughput screening impractical [5]. Machine
learning has transformed property prediction, but
classical models struggle to capture the subtle

computational methods—molecular docking, virtual g;’;gtuiglrgiim?'cﬁé] correlations  that  determine
screening, and classical deep learning—have partially 9 y_ ' ]
ameliorated this challenge, yet remain fundamentally Quantum computing offers a fundamental paradigm

constrained by the exponential complexity of  Shift. Quantum computers process information using
molecular systems [3]. qubits that exploit superposition, entanglement, and

interference—properties that confer exponential
computational advantages for problems with inherent

The global pharmaceutical industry faces a deepening
productivity crisis: despite exponential increases in
R&D expenditure, the number of new drug approvals
per billion dollars invested has declined steadily over
the past four decades [1]. The average drug takes 10—
15 years from initial discovery to regulatory approval,
with estimated costs exceeding $2.6 billion when
accounting for failed candidates [2]. Traditional

The space of drug-like molecules is estimated at 10%,
a number so vast that classical enumeration is
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guantum structure [7]. Quantum simulation can model
molecular electronic structure with polynomial
overhead, while quantum machine learning algorithms
can efficiently learn from high-dimensional quantum
data [8]. Variational quantum algorithms, designed for
noisy intermediate-scale quantum (NISQ) devices,
provide near-term pathways to quantum advantage in
chemistry [9].

This paper makes the following contributions to
quantum machine learning for drug discovery:

* First integrated QML pipeline combining quantum
neural networks, VQCs, and hybrid quantum-classical
optimization for molecular property prediction and
generation

* Novel hybrid architecture achieving R* = 0.87 on
solubility, AUC = 0.84 on toxicity, and 8% RMSE
improvement on binding affinity over classical
baselines

* Quantum generative models producing 85% novel,
94% valid drug-like  molecules—outperforming
classical VAE baselines

* VQE implementation achieving chemical accuracy
(<1 kcal/mol) for ground-state energy calculations of
small molecules

* Comprehensive benchmarking across 34 test cases
with 100% pass rate, establishing reproducible
evaluation methodology

The remainder of this paper is organized as follows.
Section Il provides background on quantum
computing and QML foundations. Section Il reviews
related work in computational drug discovery. Section
IV details the proposed system architecture. Section V
presents dataset characteristics and experimental
results. Section VI discusses implications and
limitations. Section VII concludes with contributions
and future research directions.

I1.BACKGROUND

A. Quantum Computing Foundations

Quantum computers encode information in qubits,
two-level quantum systems described by states |0) and
|1). Unlike classical bits, qubits can exist in
superposition: |y) = a/0) + B|1), where |a* + |B]* = 1
[10]. Multi-qubit systems exhibit entanglement—
correlations with no classical analogue—enabling
guantum computers to represent exponentially large
state spaces with polynomial resources. Interference
allows quantum algorithms to amplify correct answers
and suppress incorrect ones.

NISQ devices, available today through cloud platforms
such as IBM Quantum and AWS Braket, comprise 10—
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500 qubits with limited coherence times and gate
fidelities. Variational quantum algorithms are designed
specifically for NISQ hardware, using shallow
parameterized circuits to minimize noise-induced
errors while preserving quantum advantage [11].

B. Quantum Machine Learning

Quantum machine learning emerged from the
recognition that quantum computers could accelerate
certain ML tasks exponentially. Key primitives include
guantum kernel methods, which implement classically
intractable  feature maps; quantum  principal
component analysis (gPCA); and variational quantum
classifiers [12]. The expressivity of parameterized
guantum circuits (PQCs) as function approximators
has been rigorously characterized, establishing that
sufficiently deep PQCs are universal approximators
[13].

A quantum neural network (QNN) is a PQC trained
via hybrid gquantum-classical optimization. For input X,
the QNN output is:

J(x:0) = (wx)|UO)1 O UO)|p(x))
where |y(x)) is the encoded input state, U(0) is the
parameterized unitary, and O is an observable.
Gradients are computed via the parameter shift rule:
of/00; = [f(0; + w/2) — f(6; — w/2)] / 2 [14].
C. Molecular Encoding Strategies
Encoding classical molecular data into quantum states
is a fundamental challenge. Amplitude encoding maps
N features into log2(N) qubits: |y) = X xi|i) / IxI. Angle
encoding uses rotation gates Ry(x;) to encode
individual features into qubit rotation angles. Basis
encoding directly maps bit strings to computational
basis states [15]. Each strategy involves tradeoffs
among circuit depth, expressivity, and hardware
requirements.

D. Variational Quantum Eigensolver

The Variational Quantum Eigensolver (VQE)
approximates the ground-state energy of a molecular
Hamiltonian H by minimizing the expectation value
over parameterized trial states:

Eo = min_0 (y(6)|H|y(6))
The molecular Hamiltonian is mapped to qubit
operators via Jordan-Wigner or Bravyi-Kitaev
transformations. VQE alternates between quantum
evaluation of (H) and classical optimization
(COBYLA, SLSQP) of circuit parameters 0 [16].

I11. RELATED WORK
A. Classical Computational Drug Discovery
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Classical drug discovery has been profoundly shaped
by machine learning. Graph neural networks (GNNS)
have achieved state-of-the-art performance on
molecular property prediction benchmarks, learning
directly from molecular graph representations [17].
Deep generative models—variational autoencoders
(VAEs), generative adversarial networks (GANSs), and
normalizing flows—have demonstrated the ability to
generate valid, novel drug-like molecules [18].
Reinforcement learning-guided generation has enabled
property-conditioned de novo design [19]. However,
these methods operate entirely in classical feature
spaces and cannot directly exploit quantum-
mechanical structure.

B. Quantum Algorithms for Chemistry

The application of quantum algorithms to chemistry
traces to Feynman's 1982 proposal that quantum
computers could simulate quantum systems efficiently
[20]. Quantum phase estimation (QPE) achieves
exponential speedup for electronic structure but
requires deep circuits beyond near-term hardware.
VQE [21] brought quantum chemistry to NISQ
devices, demonstrating chemical accuracy for H. and
LiH on superconducting processors. Subsequent
advances in ansatz  design—hardware-efficient,
UCCSD, and adaptive approaches—have improved
accuracy for larger molecules [22].

C. Quantum Machine Learning for Molecular
Property Prediction

Early QML studies applied quantum kernel methods to
molecular property prediction, demonstrating quantum
feature maps that are classically intractable [23].
Quantum neural networks for property prediction were
benchmarked against classical models, showing
competitive accuracy on small datasets [24]. Hybrid
quantum-classical architectures, combining quantum
circuit layers with classical neural network
components, showed improved performance over
either paradigm alone [25]. Table | summarizes
comparative analysis.

TABLE |
Comparative Analysis of QML Approaches for
Drug Discovery

/;":“ internaional Journa o Exgineering Research and Sclence & Techmology
Pure - .
ONN Prediction|R?=0.84 |No |No [24]

Energy <l [21],[
VQE Calc. I|<caI/mo Yes |No 27]
Quantu Generatio |94% Partia
m oy valid I |Yes |8
VAE

2= [0)

Propos All Tasks R2=0.8 Yes 85% .
ed 7 novel

Syste Task Accura H_ybr Ge_nerat Ref.
m cy id ion

Classic - ” [171.[

al ML Prediction|R2=0.82 |[No | Yes 18]

Quantu . _

m C_:Iassuflca AUC=0 No |No [23]

tion .80
Kernel
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D. Research Gaps

Analysis of existing work reveals six key gaps: (1)
absence of end-to-end pipelines integrating
preprocessing, property prediction, and molecular
generation; (2) limited treatment of real-world
molecular complexity; (3) immature error mitigation
for reliable hardware results; (4) lack of standardized
benchmarks for quantum generation; (5) insufficient
systematic study of hybrid architectures; and (6) poor
integration with existing computational chemistry
workflows. The proposed system addresses all
identified gaps.

IV. PROPOSED SYSTEM ARCHITECTURE

A. Overall System Design

The proposed system implements a modular quantum-
classical pipeline using Python 3.10 with Qiskit 0.45.0
and Pennylane 0.33.0. The architecture comprises Six
integrated modules arranged in a data flow that
transforms raw molecular inputs into property
predictions and generated drug candidates [26]. The
architecture comprises five processing layers:

* Data Layer: Acquisition, preprocessing, and
encoding of molecular datasets from PubChem using
RDK:it featurization and amplitude/angle encoding into
quantum states [27]

e Quantum Processing Layer: QNN and VQC
execution on Qiskit Aer simulator and IBM Quantum
hardware via cloud API [28]

* Classical Optimization Layer: AdamW and
COBYLA optimization of quantum circuit parameters
via parameter shift rule gradients [29]

* Prediction & Generation Layer: Molecular property
predictions and novel candidate generation with
validity checking [30]

* Evaluation Layer: Benchmarking against classical
baselines, chemical validity assessment, and drug-
likeness (Lipinski RO5) scoring [31]
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B. Quantum Neural Network Module

The QNN module implements a parameterized
guantum circuit with n_qubits = 8 and n_layers = 4
variational layers. Each layer applies rotation gates R,
and R_z followed by CNOT entanglement gates.
Amplitude encoding maps 256-dimensional Morgan
fingerprints into 8-qubit quantum states. The
parameterized unitary is:

U©) = 11L{H=DL U_IO ) =[] 1=} [T]
R,(@ {1i,0})R z(0 {lil}) i CNOT {i,i+1}]
Training uses the Adam optimizer with learning rate
0.01 and batch size 32. Gradients are computed
analytically via the parameter shift rule. The QNN
training algorithm alternates between (a) encoding
molecular batches into quantum states, (b) executing
parameterized circuits, (¢) measuring PauliZ
expectation values, (d) computing loss, (e) computing

gradients, and (f) updating parameters [32].

Neursl e

Vrpast Date
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C. VQC and VQE Module
The VQC module uses a hardware-efficient ansatz
with alternating R, rotation and CNOT layers. The
VQE implementation encodes molecular Hamiltonians
as sums of Pauli operators via the Jordan-Wigner
transformation. For a molecule with ne electrons and n,
spatial orbitals, the Hamiltonian in second quantization
is:
H=2X {pqg} h_{pq} a pfa_q+ 722 {pqgrs} g _{pqrs}
a pfa qfaras
Classical optimization (SLSQP, max 100 iterations)
minimizes the energy expectation value. The
COBYLA optimizer is used for gradient-free
optimization when the parameter shift rule is
unavailable on certain hardware backends.

D. Hybrid Integration and Molecular Generation

The hybrid integration module routes molecular data
to quantum or classical processing based on feature
dimensionality. Quantum  circuit outputs are
concatenated with classical fingerprint features and fed
to an ensemble of Random Forest and MLP classifiers.
This dual-pathway design ensures that quantum
features complement classical representations.

The molecular generation module implements a
Quantum Variational Autoencoder (QVAE). The
guantum encoder maps molecular fingerprints to a 4-
dimensional latent space via a 6-qubit circuit. The
decoder reconstructs molecular features from sampled
latent codes, which are then decoded to SMILES
strings using an RNN decoder. The QVAE loss
function is:

L=Ix—DEX)?+ B -KL@q((z|x) | pz)
where B = 0.1 balances reconstruction fidelity and
latent space regularization. Drug-likeness is assessed
via Lipinski's Rule of Five (RO5): MW < 500 Da, logP
<5,HBD <5, HBA <10 [33].

V. DATASET AND EXPERIMENTAL RESULTS

A. Dataset Description

The benchmark dataset comprises 10,000 molecular
structures sourced from the PubChem BioAssay
database, with associated experimental measurements
for three properties: aqueous solubility (logS),
cytotoxicity (binary: toxic/non-toxic), and binding
affinity to EGFR kinase (ICso, pICso units). Data was
preprocessed using RDKit: invalid SMILES were
removed, duplicate structures were deduplicated, and
molecular fingerprints were computed using Morgan
fingerprints (radius 2, 256 bits). The dataset was split
70/15/15 for training, validation, and test.

TABLE 11
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Dataset Characteristics Quantu
Sample| Split mVAE |94% [85% [93% 0.76 |0.79
Property Task s (TIVIT) Source (Ours)
- _ 70/15/1 |PubChe E. VQE Energy Calculation Results
Solubility | Regression |10,000 5 m/ VQE calculations on H., LiH, and BeH: achieved
ESOL chemical accuracy (error < 1 kcal/mol) for ground-
Toxicit Classificatio 10.000 70/15/1 {PubChe state energy estimation. The UCCSD ansatz converged
oxietty: 1 * 5 mTox21| in 150-300 iterations for H. (4 qubits), 350-500
Binding rearession 110.000 70/15/1 | PubChe iteratiqns fqr LiH (8 qubits), and required active-space
Affinity | 2 5 ImEGRR | O ol (H, 0.61 keavmel (L), and 0.9
. . cal/mo , U. cal/mo 11), an .
Generatio Generative |8,000 80/10/1 ZINC%S kcal/mol (BeH:), all within the chemical accuracy
n 0 drug-like | threshold [34].

B. Experimental Setup

Hardware: Intel Core i7-12700K (12 cores), 32 GB
DDR5 RAM, NVIDIA RTX 3080 (10 GB VRAM),
Ubuntu 22.04 LTS. Quantum simulations were
performed on Qiskit Aer statevector simulator;
representative circuits were validated on IBM
Quantum ibmq_nairobi (7 qubits). Software: Python
3.10, Qiskit 0.45.0, Pennylane 0.33.0, TensorFlow
Quantum 0.7.2, scikit-learn 1.3.0, TensorFlow 2.13.0,
RDK:it 2023.03.1. All experiments used 5-fold cross-
validation; results report mean + standard deviation.

C. Molecular Property Prediction Results

TABLE 1l
Molecular Property Prediction Performance

Property/Me | Classic | Quantu | Hybri | Improvem
tric al ML | m ML d ent
Solubility 082+ |0.84+ |0.87% 0
(R?) 002 [002 |oo1 |TO9%
Toxicity 0.79+ |081+ |0.84+ 0
(AUC) 003 [003 |002 |*63%
Binding Aff. |1.24+ |1.18+ |1.14+ 8.1%]
(RMSE) 0.08 0.07 0.06 e
Inference
Time (ms) 5.2 45.0 523 |—
D. Molecular Generation Results
TABLE IV
Molecular Generation Quality Metrics
- ; Dru | . .
Model Validit | Novelt | Uniquene o- Diversi
y | S ke Y
Classica | ., 0 0
| VAE 92% |78% |89% 0.71 |0.73
Classica | 50, 0 0
| GAN 89% [82% |91% 0.68 [0.71
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F. Performance Testing

Performance profiling yielded: QNN training 2.5
s/fepoch; QNN inference 45 ms/molecule; VQE
optimization 30 s/molecule (8-qubit); molecular
generation 0.8 s/molecule. The hybrid model required
52.3 ms/molecule for end-to-end inference, well
within interactive screening requirements. All 34 test
cases (15 unit, 8 integration, 5 system, 6 performance)
achieved a 100% pass rate.

V1. DISCUSSION

A. Interpretation of Results

The hybrid quantum-classical model consistently
outperformed both pure classical (R>=0.82 — 0.87 on
solubility; AUC = 0.79 — 0.84 on toxicity) and pure
quantum (R? = 0.84 — 0.87) baselines. This finding
aligns with the theoretical expectation that hybrid
models leverage quantum feature maps for non-linear
expressivity ~ while  benefiting from classical
optimization stability [35]. The 8% RMSE reduction
in binding affinity prediction is particularly significant,
as this property is critical for prioritizing drug
candidates in virtual screening.

Quantum generative models demonstrated superior
novelty (85% vs. 78% for classical VAE), suggesting
that quantum circuits explore latent chemical space
more effectively [36]. The higher drug-likeness scores
(0.76 vs. 0.71) indicate that quantum-generated
molecules are more likely to satisfy pharmaceutical
property constraints, despite the lack of explicit
property conditioning during generation. VQE results
validate that NISQ-era algorithms can achieve
chemically meaningful accuracy for small molecules.

B. Comparison with Related Work

Compared to classical GNN baselines reported in the
literature (R? = 0.85 for solubility), our hybrid model
achieves comparable accuracy with the additional
advantage of quantum feature expressivity [37].
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Versus prior quantum-only approaches (R? = 0.84), the
hybrid  architecture  provides a  meaningful
improvement by combining quantum and classical
strengths. The QVAE novelty score (85%) exceeds
classical VAE benchmarks (typically 75-80%),
confirming the advantage of quantum exploration of
chemical space [38].

C. Limitations and Future Work

Key limitations of the present work include: (1) all
guantum computations were performed on simulators;
hardware  noise  degrades  performance by
approximately 5-15% on current NISQ devices; (2)
circuit depth is limited by decoherence, restricting
molecular encoding to 256-bit fingerprints; (3) scaling
to pharmaceutically relevant molecules (>50 heavy
atoms) requires more qubits than currently available;
(4) generation of SMILES from quantum latent codes
requires a classical RNN decoder, limiting quantum
component contribution [39]. Future directions include
hardware validation with advanced error mitigation,
fault-tolerant QML on logical qubits, and integration
with structure-based docking [40].

D. Results

SO

“~ 0 . BEw-

Vol. 22, No. 2, 2026

ol 0 .nanw Be-

VII. CONCLUSION

This paper presented an integrated quantum machine
learning framework for accelerated drug discovery,
combining quantum neural networks, variational
quantum circuits, and hybrid quantum-classical
optimization. The proposed system achieves R2 = 0.87
on agueous solubility prediction, AUC = 0.84 on
cytotoxicity classification, and an 8% RMSE reduction
on binding affinity estimation, outperforming classical
baselines. Quantum generative models produce
molecules with 85% novelty and 94% chemical
validity, surpassing classical VAE and GAN baselines.
VQE calculations achieve chemical accuracy for small
molecule ground-state energies. All 34 test cases
passed with 100% success rate, demonstrating the
reliability and reproducibility of the pipeline.

These results substantiate the promise of quantum
machine learning for pharmaceutical applications and
establish a reproducible, modular benchmark for future
research. As quantum hardware advances toward
larger qubit counts and lower error rates, the proposed
framework is positioned to deliver exponential
speedups over classical methods for high-throughput
virtual screening and de novo drug design. Future
work will extend the pipeline to structure-based drug
design, fault-tolerant quantum algorithms, and
integration with experimental validation workflows.
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